

[image: Predicting Foraging Habitat of European Shags - A Multi-Year and Multi-Colony Tracking Approach to Identify Important Areas for Marine Conservation]
Predicting Foraging Habitat of European Shags - A Multi-Year and Multi-Colony Tracking Approach to Identify Important Areas for Marine Conservation





ORIGINAL RESEARCH

published: 26 April 2022

doi: 10.3389/fmars.2022.852033

[image: image2]


Predicting Foraging Habitat of European Shags - A Multi-Year and Multi-Colony Tracking Approach to Identify Important Areas for Marine Conservation


Nina Dehnhard 1*, Jenny Mattisson 1, Arnaud Tarroux 2, Tycho Anker-Nilssen 1, Svein-Håkon Lorentsen 1 and Signe Christensen-Dalsgaard 1


1 Department of Terrestrial Ecology, Norwegian Institute for Nature Research (NINA), Trondheim, Norway, 2 Department of Arctic Ecology, Norwegian Institute for Nature Research (NINA) – Framsenteret, Tromsø, Norway




Edited by: 

Ryan Rudolf Reisinger, University of Southampton, United Kingdom

Reviewed by: 

K. David Hyrenbach, Hawaii Pacific University, United States

David Ainley, H.T. Harvey & Associates, United States

*Correspondence: 

Nina Dehnhard
 nina.dehnhard@nina.no

Specialty section: 
 This article was submitted to Marine Megafauna, a section of the journal Frontiers in Marine Science


Received: 10 January 2022

Accepted: 15 March 2022

Published: 26 April 2022

Citation:
Dehnhard N, Mattisson J, Tarroux A, Anker-Nilssen T, Lorentsen S-H and Christensen-Dalsgaard S (2022) Predicting Foraging Habitat of European Shags - A Multi-Year and Multi-Colony Tracking Approach to Identify Important Areas for Marine Conservation. Front. Mar. Sci. 9:852033. doi: 10.3389/fmars.2022.852033



Human activity in the coastal zone is increasing worldwide, putting a number of seabird species under pressure. Norway is no exception to this development, and with > 35% of the NE Atlantic population of the currently declining European shag (Gulosus aristotelis) population, Norway has an international responsibility for the conservation of this species, and its important foraging habitats during breeding. We analysed tracking data from shags breeding in five colonies along the Norwegian coast spread over a latitudinal gradient of > 1700 km. We identified foraging locations and associated environmental characteristics. Using model cross-validation, we assessed the transferability of habitat models, both spatially (across colonies) and temporally (within colonies and across years), based on three modelling approaches: Training datasets consisted either of the data from one year at one colony, all years at one colony, or all years from all colonies except the testing colony. Across colonies, foraging activity was associated with shallow depths, proximity to colony, and the presence of kelp forests, while sea surface temperature and sea surface height contributed little to model fit. Transferability of habitat use across colonies was low when based on the training data from only one year and one colony and improved little when using several years of data from one colony for training the models. Transferability was very high for all colonies if the training dataset consisted of data from all years and all colonies except the one to be predicted. Our results highlight the importance of multi-year and multi-colony studies and show that it is possible to make sound fine-scale predictions of important foraging areas for breeding shags without the need to track birds in every colony. This facilitates much needed management of coastal marine ecosystems and the protection of the most important feeding areas for breeding shags.
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Introduction

Coastal zones, although widely acknowledged to be of high ecological and economic value, are also highly vulnerable and impacted by a multitude of human activities (Crain et al., 2008; Brown et al., 2018). These impacts have profound effects on entire food webs, from primary producers to top-predators (Worm et al., 2006; Worm et al., 2009; Poloczanska et al., 2013). Marine spatial planning, and the creation of Marine Protected Areas (MPAs) are increasingly used to counteract the potential detrimental effects of human activities on marine ecosystems (Edgar et al., 2014; Halpern et al., 2015).

Seabirds are among the most threatened taxonomic groups of birds, facing a multitude of mostly anthropogenic stressors (Dias et al., 2019). These range from oil exploration (Votier et al., 2005; Votier et al., 2008), establishment of wind farms (Garthe and Hüppop, 2004; Furness et al., 2013; Peschko et al., 2020), kelp harvesting (Lorentsen et al., 2010; Christensen-Dalsgaard et al., 2020), bycatch (Anderson et al., 2011; Žydelis et al., 2013), ship traffic (Dehnhard et al., 2020a) and fisheries (Cury et al., 2011; Saraux et al., 2020) to various impacts of climate change (e.g. Grémillet and Boulinier, 2009; Keogan et al., 2018), but also include predation by introduced predators (Craik, 1997). Although these stressors affect seabird species differently, and their impact varies geographically, many of them act to make seabird foraging areas particularly relevant for protection (e.g. Davies et al., 2021). Previous approaches to identify important foraging areas for breeding seabirds have largely been based on an existing toolkit by BirdLife International (2010). Where feasible, tracking data, ideally collected over several years, should be used to identify important foraging areas (e.g. Lascelles et al., 2016). Since it is highly unrealistic to track individuals of all species in all colonies, the next best alternative has been to use a standardised foraging range radius around each colony to define the areas most likely used by the seabirds (BirdLife International, 2010; Thaxter et al., 2012). The foraging radius approach is, however, likely to result in the inclusion of substantial areas that are not regularly used by birds for feeding (Thaxter et al., 2012; Soanes et al., 2016). A refinement of this approach, using for example additional environmental covariates such as depth has been suggested (Soanes et al., 2016). An alternative solution could be to predict important foraging areas for a given population based on tracking information from birds in other colonies. This approach has so far been attempted only for a few pelagic seabird species, with varied success (e.g. see Torres et al., 2015; Péron et al., 2018; Fauchald et al., 2021), but to the best of our knowledge not for coastal seabird species.

The European shag (Gulosus aristotelis, hereafter: shag) is a coastal benthic foraging seabird with an all-year coastal distribution. In Norway, which had approximately 28,000 breeding pairs in 2013 (Fauchald et al., 2015), constituting about 35% of the NE Atlantic population (Mitchell et al., 2004), shags breed in hundreds of colonies scattered all along the entire western and northern coastlines (Figure 1). While information about critical foraging habitats is highly relevant for management purposes, it remains an unrealistic task to track shags from every colony. The species therefore represents an ideal case to test whether important foraging areas can be accurately identified for one colony based on habitat use in another colony.




Figure 1 | Overview map showing the locations of the five shag study colonies in Norway (black triangles). Green points indicate the location and approximate size of all shag colonies registered through the national seabird monitoring programme in Norway.



Shags primarily feed on fish (e.g. Hillersøy and Lorentsen, 2012; Howells et al., 2018) and typically show shallow diving patterns in the range of about 15-20 m, although they can dive down to 60 m (Wanless et al., 1997; Evans et al., 2016; Christensen-Dalsgaard et al., 2017). As other seabirds, the species exhibits a typical central-place foraging behaviour during the breeding period (Bell, 1990) with a maximum foraging range of about 20-40 km around their colonies (Bogdanova et al., 2014; Lorentsen et al., 2019). Shags are vulnerable to disturbance by boats (Velando and Munilla, 2011), and incidental mortality in gillnet fisheries (Žydelis et al., 2013; Christensen-Dalsgaard et al., 2019). Furthermore, kelp harvesting in areas used by shags for foraging has the potential to affect foraging success (Christensen-Dalsgaard et al., 2020). Finally, aquaculture installations can easily lead to a reduction in available coastal marine habitat, increased boat traffic and therefore higher disturbance effects, and shags are perceived as a pest by the aquaculture industry (Beveridge, 2001). Licences to cull (shoot) shags are issued on such grounds where shags are expected to cause damage (BirdLife International, 2016).

We tracked breeding shags with GPS loggers in five colonies spread along the Norwegian coast (Hornøya, Røst, Sklinna, Runde and Jarstein; Figure 1). The overarching goal of this study was to identify the foraging areas and associated environmental characteristics in all five colonies and assess the transferability of models of habitat use within colonies (across years; temporal transferability) and across colonies (spatial transferability). Model transferability is a central issue in conservation ecology (Yates et al., 2018; Matthiopoulos et al., 2022), and in the context of our study transferability both within and across colonies is key to sound protecting of foraging areas utilised by shags without having to track birds each year or from each colony.

We first (aim 1) investigated the habitat characteristics and variability in fine-scale (< 1 km) habitat use of shags breeding in the different colonies. Since variability in habitat use within colonies might have confounding effects on the transferability of results from one colony to another, we assessed if the data from one year could be used to predict the habitat use in another year within the same colony (i.e. ‘transferability within colonies’). Aim 2 was to assess the predictability of fine-scale habitat use in a given colony based on environmental habitat characteristics in one or several other colonies (‘transferability across colonies’). With this in mind, we set up three different modelling approaches with different training datasets, in order to find the approach that delivered the best results for transferability across colonies.

We hypothesised that distance to colony would be an important variable in the models describing foraging habitat use, but that foraging range would differ across colonies, e.g. due to inter-colony differences in the number of breeding pairs sharing the foraging grounds (e.g. Jovani et al., 2016). Based on previous studies (Christensen-Dalsgaard et al., 2017; Grémillet et al., 2020), we further expected that foraging habitats would be characterised by shallow depths and the presence of kelp forests or sandy bottom, representing the habitat preferences of their main prey; gadids (e.g. Hillersøy & Lorentsen, 2012) and sandeel (Ammodytes spp., Howells et al., 2018), respectively. Spatial variation in sea surface temperature (sst) and sea surface height (ssh) are typically associated with frontal zones and eddies in the pelagic environment (e.g. Kostianoy et al., 2004; Mason et al., 2014), and upwelling plumes over continental shelves (e.g. Ainley et al., 2009). These variables tend to be important to characterise the habitat of pelagically foraging seabirds (e.g. Pinaud and Weimerskirch, 2005), but we expected them to be less important variables to characterise foraging habitats of the coastal-feeding shags. Finally, we hypothesised that – similar to findings in other seabirds (Péron et al., 2018) – shags breeding in colonies located closer to each other would be more similar in their habitat use compared to colonies further away, and thus that across-colony transferability of the models would decrease with distance between colonies.



Methods and Material

Fieldwork was conducted at Hornøya (70°23’N, 31°09’E; 630 breeding pairs in 2012), Ellefsnyken/Røst (67°27’N, 11°55’E; 345 breeding pairs in 2020), Heimøya/Sklinna (65°12’N, 10°59’E; 2000 breeding pairs on average in 2011-2020), Runde (62°23’N, 5°36’W; 150 breeding pairs in 2020), and Jarstein (59°09’N, 5°10’E, 274 breeding pairs in 2020). These five colonies (Figure 1) together represent approximately 10-15% of the total Norwegian shag population and are focal study colonies for the species in the long-term monitoring and mapping programme for Norwegian seabirds, SEAPOP (www.seapop.no/en). Notably, at Hornøya, Røst and Jarstein there are additional, neighbouring shag colonies, located within the foraging ranges of the above-listed study colonies. We do not have exact population numbers for these other shag colonies, but the approximate total number of shag breeding pairs sharing the foraging area was 1000 at Hornøya, 1000 at Røst and 600 at Jarstein. A colony was here defined as an aggregation of more than 10 nests at a given location (e.g. on a single island).

Shags were equipped with either a GPS logger or a combination of a GPS and a temperature-depth (TDR) logger (Table S1.1, Supplement 1). The logger types used were I-gotU GT-120 GPS loggers (Mobile Action Technology, modified and re-fitted in heat shrink tubes, 24 g) and remote-downloading solar-driven PathTrack GPS loggers (PathTrack nanoFix® GEO+RF, 21.8 g), as well as G5 TDR-loggers (CEFAS Technology, 6.5 g). I-gotU loggers were programmed to record data at either 30 or 60 second intervals (Table S1.1, Supplement 1). PathTrack loggers were programmed to record data on a solar-power-based schedule at either ≥ 30 sec (only a short trial in 2020 at Sklinna) or ≥ 5 min intervals (majority of deployments), with a download frequency of 30 min or less via UHF to a fixed base-station positioned within 500 m of the nests. The GPS sampling rates of PathTrack loggers thus automatically downscaled when batteries got depleted (e.g. from 5 min to 10 min, and subsequently 15 min, 20 min, 25 min and so on). Averaged across colonies and years, PathTrack loggers obtained GPS fixes at intervals every 11.75 ± 30.1 min (average ± SD). TDR loggers recorded data at 1 or 2 second intervals. I-gotU and TDR loggers were joined with tape prior to the deployment and attached to 3-4 middle tail feathers using strips of Tesa tape. PathTrack loggers were also attached to the middle tail feathers, using a thin plastic-plate and a combination of tape and cable ties. Those birds that were equipped with both a PathTrack logger and a TDR, were fitted with a plastic leg-ring to which the TDR-logger was attached. GPS and TDR loggers combined weighed at maximum 31 g, corresponding to < 1.7% and < 1.9% of the mean body mass of males and females, respectively.

The nests used in this study were randomly selected among those nests that had approachable adults, and attempts were made to capture equal numbers of males and females when sampling the individuals. Adults were caught on the nest by hand or a noose pole, and sex was determined by size and vocalization (cf. Cramp and Simmons, 1977). The majority of shags deployed with GPS loggers were rearing chicks when loggers were deployed, but some were still in the late phase of incubation (Table S1.1, Supplement 1). Birds deployed with I-gotU loggers were recaptured after 1-3 days to recover the devices, and the same happened with the trial birds deployed with PathTrack loggers programmed at the ≥ 30 sec schedule in 2020 at Sklinna. Birds deployed with PathTrack loggers and TDR loggers (combined deployment only at Sklinna) with GPS fixes ≥ 5 min were recaptured after 14-18 days to retrieve the TDR-loggers, but the PathTrack loggers remained attached until they fell off when tail feathers were moulted. Birds deployed with only PathTrack loggers (without TDRs) were not recaptured, and loggers remained attached until the birds moulted their tail feathers. Deployments with I-gotU loggers usually did not take longer than 3 min, while those with PathTrack loggers usually took less than 10 min.


Subsequent GPS Data Analyses

We obtained data from a total of 550 GPS deployments (Table S1.1, Supplement 1). Following Lorentsen et al. (2019), we excluded locations within 500 m of their nest sites at all colonies, since these locations are mostly associated with resting and preening activities as well as washing dives. As such, this near-colony habitat is important for the shags but does not represent important foraging habitat. Similarly, any roosting places at or near foraging sites were removed, i.e. when GPS locations were located on land and not at sea. GPS data after the chicks were fledged was excluded from the analysis, assuming a fledging age of 57 days, based on Daunt et al. (2007). Apparent locational outliers were removed using a speed filter with a maximum speed of 30 m/s, and a speed filter of 15 m/s on strongly curvaceous flight paths, as described in Lorentsen et al. (2019).

Following Lorentsen et al. (2019), we defined foraging trips as movement paths ≥ 5 min ≥ 500 m away from the colony. For comparing foraging trip metrics across colonies, we excluded incomplete foraging trips: i.e. trips where 1) locations at the colony were not available either before or after the trip, 2) gaps of > 30 minutes (to account for the GPS-intervals of PathTrack loggers) existed between the last and or first location in the trip and the next or previous location at the colony, and 3) gaps of > 60 minutes existed between locations during the trip. Due to the inability of GPS loggers to acquire locations when submerged (i.e. when the bird is diving), trips recorded by both logger types frequently included gaps between GPS locations. The one-hour cut-off to define incomplete trips was chosen as a conservative measure based on average trip duration (see Table 1) and the obtained GPS-intervals.


Table 1 | Foraging trip metrics per colony and year obtained from complete foraging trips (see Methods).



We identified likely foraging locations of shags based on expectation-maximization binary clustering (EMbC) of the GPS locations (Garriga et al., 2016b). EMbC uses velocity and turning angle to classify movement data into four different clusters aligned with likely behavioural states: low velocities and low turns (LL; “resting”), low velocities and high turns (LH; “intensive search”), high velocities and low turns (HL; “travelling”) and high velocities and high turns (HH; “extensive search”) (Garriga et al., 2016b). EMbC has been shown to be useful across a broad range of species (e.g. Cecere et al., 2020; De Pascalis et al., 2020; Dehnhard et al., 2020b) and comes with the advantage of requiring less supervision, less a-priori assumptions and less computational power than other approaches (Garriga et al., 2016b).

GPS data were analysed in the R-package EMbC (Garriga et al., 2016a), using the stack clustering function (stbc), which accounts for potential among-individual behavioural differences by annotating behavioural states for each individual. The stack clustering function was run pooled for all data from all colonies and all years, in order to guarantee the same cut-offs across colonies and years. The pre- and post-smoothing options were set to zero.

To test the performance of our EMbC-based approach to identify foraging locations, we used known diving locations from the colonies and years where TDR data were available (Supplement 1). Summary statistics of dive depth and dive duration are presented in Table S1.2, Supplement 1. We found a high spatial overlap between the known dive locations and EMbC-states LL (“resting”) and LH (“intensive search”): More than 81% of known dive locations were spatially close (within 200 m) or identical to locations that the EMbC algorithm identified as LL and LH (see Table S1.3, Supplement 1). All GPS time-stamps with EMbC states LL and LH were thus defined as foraging locations in further analyses. By doing so, we might characterise some fixes as foraging locations that in fact were not foraging locations, but which still represent an area birds were commuting through.



Environmental Variables

To characterise the habitat use of the shags, we selected five environmental variables, all of which have previously been shown to be important determinants of foraging areas for this species (Christensen-Dalsgaard et al., 2017; Grémillet et al., 2020): bathymetry, slope, kelp presence, sst and ssh. We downloaded bathymetry data from GEBCO (https://www.gebco.net/data_and_products/gridded_bathymetry_data/; spatial grid of 450x450m). Sea bottom slope (in degrees) was calculated from the bathymetry data as the maximum change from the cell to its eight closest neighbours using the raster package in R (Hijmans, 2021). Kelp data were obtained from The Norwegian Environmental Agency (https://geocortex01.miljodirektoratet.no/Html5Viewer/?viewer=naturbase). Daily sst and ssh data were obtained from the Norkyst800m model (at a spatial resolution of 800x800m; Albretsen et al., 2011). These data were provided by the Norwegian Meteorological Institute on request for the entire study period, and were obtained from a model version that produced consistent results over this period of time (see Asplin et al., 2020). Instead of working with daily sst and ssh values, which would have substantially complicated our modelling approach, we calculated their means and temporal variances over the period 1st of June – 15th of July for each year. These dates correspond on average to a period of 2 weeks before the first GPS deployment and up to – for most sites and years – the retrieval of the last GPS loggers/data (see Table S1.1, Supplement 1), and were consistently used for all colonies. The two-week period prior to the (on average) first deployment was chosen since sst and ssh may affect prey availability and distribution over a longer period of time, and thus may have a lagged effect.

Sea bottom substrate data, which have been proven an important environmental covariate for shag foraging habitats (Grémillet et al., 2020), were downloaded from the European Marine Observation and Data Network (EMODnet) (http://gis.ices.dk/geonetwork/srv/eng/catalog.search#/metadata/01bf1f24-fdcd-4ee7-af8b-e62cf72fe2f9). Unfortunately, data quality in the coastal areas were poor and for 57% of the likely foraging locations, the substrate type was unknown. We therefore refrained from including sea bottom substrate into our analyses.



Definition of Available Habitat - Creation of Random Points

We followed the approach of Christensen-Dalsgaard et al. (2017) and defined available habitat as the area within reach for breeding birds around their colonies, and thus created a circular buffer around each colony. The radius of this buffer was set as the maximum distance between a foraging location and the colony, which was largest for Sklinna (40 km), followed by Runde (25 km), Jarstein (22 km), Hornøya (19 km) and Røst (9 km). To create a representative sample of available habitats within these areas, five point locations were created randomly for each GPS fix defined as a foraging location within the defined available area, using the R-package sp (Pebesma and Bivand, 2005; Bivand et al., 2013). As we include temporal environmental variables in the model, the process was done separately for each year. Land areas within the circular buffers were removed before generating random locations. All foraging locations and random locations were intersected with the environmental layers using the function “extract” in R-package raster.



Modelling Approach

All statistical procedures were carried out in R (R Development Team, 2020). To assess if maximum foraging distance differed across colonies, we ran a linear mixed-effects model (LMM) using function lmer from package lme4 (Bates et al., 2015). The LMM contained maximum trip distance from the colony (only for complete foraging trips) as dependent variable, and colony as explanatory variable (factor). Bird ID was included as a random factor, nested within year and colony. We further present marginal and conditional R2 values as calculated from the R-package performance (Lüdecke et al., 2021) and to identify differences among colonies, we ran a Tukey post-hoc test (R-package multcomp; Hothorn et al., 2008).

To investigate marine habitat preferences (aim 1), we ran generalised additive models (GAMs) with a binomial distribution (1 = foraging locations, 0 = availability, i.e. random locations). GAMs were run using the R-package mgcv (version 1.8-38; Wood, 2017) with a logit link function. Generalised additive models allow the fitting of non-linear responses to predictor variables, which is a major advantage, as animals rarely respond linearly to their environment (Aarts et al., 2008; Dehnhard et al., 2020b). Similarly to Christensen-Dalsgaard et al. (2017), GAMs were fitted using thin plate regression smoothing (Wood, 2017). We initially set the maximum number of knots for smooth terms to 5 in order to avoid overfitting, and used the functions “gam.check” to check whether models with more knots had a better fit. We followed a forward-stepwise approach to add environmental covariates, and modelled the environmental habitat preferences separately for each colony. The initial models therefore contained year (as a fixed factor), and one environmental covariate, either as fixed factor (kelp) or as smooth term (depth, slope, distance to colony, sst mean, sst variance, ssh mean, ssh variance). After identifying the best-performing smoothed environmental variable, we assessed the inclusion of kelp, and then subsequently of a second and third smoothed environmental variable. To avoid collinearity among environmental covariates, we only included those that had a Spearman’s rank correlation of ≤ 0.5. Model selection was based on AIC, and we did not attempt to fit more than three smooth terms into the final model to avoid over-fitting. We calculated Akaike weights (wi) for all models following Burnham & Anderson (2002).

After identifying the best model structure for each colony, we investigated the transferability of the results within colonies and across colonies. We used model cross-validation, and the dataset was divided into a training dataset to fit the model, and a testing dataset to assess its performance. We used the area under the receiver curve (AUC; pROC package; Robin et al., 2011) to assess performance of models. AUC values <0.7 were considered poor, 0.7 to 0.9 reasonable, and >0.9 very good model performance. To investigate transferability across years within the same colony, the testing dataset consisted of one year of data, and the training dataset of another year of data from the same colony, similarly as performed by Péron et al. (2018). For Sklinna, where we had ten years of data, we also assessed if transferability across years could be improved by training the dataset with nine years of data (instead of only one) and using the remaining year as test dataset (similar to Fauchald et al., 2021). When assessing the transferability across colonies (aim 2), we applied three different strategies to train models in order to see which one would deliver the best results, and whether increasing the variation within the training dataset could improve the between-colony transferability.

Firstly (“individual colony and year approach”), both the training and the testing dataset consisted of data from one colony and one year each, and AUC values were calculated for all combinations of colonies and years. This approach thus followed the same strategy as that by Péron et al. (2018). The best fitting model for the training dataset was chosen as model structure. With this approach, we thus attempted to predict the foraging habitat of the birds in one colony during one specific year based on the model structure based on the habitat use of birds in another colony during one year (same or different year).

Secondly (“individual colony approach”), the training and the testing dataset consisted of all data from all years of a given colony, and AUC values were calculated for all combinations of test colonies. The model structure was based on the best fitting model for the training dataset (i.e. as in the individual colony and year approach). With the individual colony approach, we thus attempted to predict the foraging habitat of the birds in one colony across several years based on the model structure, data and habitat use of birds in another colony during 2+ years.

Thirdly and lastly (“all colonies approach”), the training dataset consisted of all data from all colonies and years, with exception of the testing colony, and AUC values were calculated using each colony as a test colony once. Since the environmental predictors retained in the best model varied between colonies (Table 2), we had to use a simplified model structure, and only included kelp, depth and distance to colony in the models (i.e. those static variables that were consistently supported in the models for all colonies), but none of the temporally variable environmental variables (i.e. means or variances in sst and ssh). The motivation for the all colonies approach was to test if a larger and more diverse training dataset from four colonies with 2+ years of data each would be suitable to predict the habitat use in a fifth colony. This approach was based on the assumption that the temporally variable environmental covariates (see Supplement 2) would not contribute much to explain the habitat use across colonies compared to the temporally static ones (kelp, depth and distance to colony).


Table 2 | Summary of the model selection process.






Results

We found strong evidence that maximum distance from colony and thus foraging range differed among colonies (LMM: F4,5265 = 35.05, P < 0.001, , ; Figure 2; Table 1). Foraging range was largest at the largest colony, Sklinna, followed by Hornøya, while there was no evidence that foraging range differed among Røst, Runde and Jarstein (Figure 2).




Figure 2 | Predicted values of foraging range between the five study colonies based on the LMM results (mean ± CI). Only complete foraging trips were considered. Letters at the top correspond to the results of Tukey post-hoc tests based on the LMM (see Methods and Material). Different letters indicate strong evidence for colony-specific differences in foraging range (all z ≥ 3.4; P ≤ 0.005), same letters indicate no evidence for such differences (all z ≤ 0.773, P ≥ 0.930). Colony sizes (number of breeding pairs) are given below the colony names. Numbers behind the dash (/) give the approximate total number of breeding pairs within the maximum foraging range of the focal colony, in case of neighbouring colonies.




Environmental Habitat Preferences Per Colony

Across colonies, depth or distance to colony were the single best explanatory environmental variables and explained alone at least 22% of deviance (Table 2). Both were supported in the final model for all colonies except Røst, where depth correlated with distance to colony and therefore only distance to colony was included in the final model (Table 2). The probability for foraging declined steeply in all colonies with increasing depth (Figure 3A) and approached zero for all colonies at a depth of 100 m or more. The probability for foraging also declined steeply with increasing distance from colony (Figure 3B), and approached zero at a distance of 10 km for birds from Røst and Runde. Birds from Sklinna showed a second peak in foraging probability at 20 km distance, and similarly for Hornøya there was a slight increase at this distance.




Figure 3 | Model response curves (fitted values ± SE) showing the predicted foraging probability in response to depth (A) and distance from colony (B) for the different colonies. Fitted values were extracted from the individual models per colony (e.g. for the Hornøya colony model HM3 and HM5; see Table 3).



The inclusion of kelp was supported in the final models for all colonies (Table 2). There was very strong evidence that the presence of kelp increased the foraging probability of shags at all colonies except at Hornøya (z-values ≥ 16.16, p < 0.001 in the best models for Røst, Sklinna, Runde and Jarstein; Hornøya: z = 0.128, p = 0.898). In addition, ssh mean was included in the final models for Sklinna, Hornøya and Jarstein, and ssh variance in the models for Røst and Runde. However, by adding ssh to the models, the adjusted R2 value increased by at maximum 0.05 (Table 2), reflecting a relatively minor importance of ssh for the characterisation of shag foraging habitat. The final models explained between 53.5% and 81.5% of the deviance, reflecting a good to very good fit (Table 2).



Transferability Within and Across Colonies

Transferability across years within the same colony was highly variable and ranged between 0.50 and 0.98, when both the training and the testing dataset consisted of data from one year each (Supplement 3). Transferability across years at Sklinna was considerably higher for all years when the training dataset consisted of nine years of data, i.e. all years except the testing year (AUC range: 0.96-0.98) compared to when the training dataset consisted of one year only (AUC range: 0.51-0.98).

Following the “individual colony and year approach” (i.e. both the training and the testing dataset consisted of the data from one colony and one year each), transferability across colonies was variable and ranged between 0.45 and 0.99, with an average AUC of 0.73 ± 0.11 (Supplement 3). Thus, predictability could be excellent in some cases (e.g. using the Jarstein 2019 data to predict the foraging locations of birds at Runde in 2020, with an AUC of 0.99; see Supplement 3), or poor in other cases (e.g. data from Røst 2020 predicting the foraging locations of birds at Hornøya in 2011, with an AUC of 0.46; Supplement 3).

With the “individual colony approach” (i.e. the training and the testing dataset consisted of all data from all years of a given colony), the transferability across colonies remained highly variable (AUC ranged between 0.36 to 0.98, mean 0.76 ± 0.16; Table 3). For example, Jarstein was poor in predicting the foraging locations for all colonies but Runde. The Sklinna dataset, on the other hand, predicted the foraging locations at all other colonies comparatively well (AUC range of 0.85-0.98). Transferability was not necessarily higher between colonies located closer to each other, e.g. transferability was better from Røst to Runde and Jarstein, than from Røst to Hornøya and Sklinna, and transferability from Runde to Jarstein was the lowest overall (Figure 1, Table 3).


Table 3 | AUC results of models based on the individual colonies approach (top) and the all colonies approach (below).



Finally, with the “all colonies approach” (i.e. the training dataset consisted of all data from all colonies and years, with exception of the testing colony), transferability across colonies was highest and least variable (AUC range: 0.91-0.97; Table 3). The prediction maps based on this final model highlighted the shallow, near-shore areas as the most important foraging habitat for the shags (Figure 4). The foraging locations based on the GPS tracking data were mostly located within the predicted areas, although foraging locations were often closer to the colonies than the range predicted by the models (Figure 4).




Figure 4 | Predicted habitat maps based on the “all colonies approach” models, i.e. data from all other colonies and years was used to predict the foraging habitat around the shown (focal) colony. The location of the colony is marked with a white star. The probability for the area to be used as foraging habitat is shown in colours from blue (low) to red (high), as detailed in the legend. White lines show the 100m bathymetry line, land areas are depicted in white. Foraging locations based on the EMBC algorithm are shown as black dots (A, B, D–F). Due to the high data amount, foraging locations for Sklinna are shown in a separate plot (D) than the predicted foraging habitat (C).






Discussion


Environmental Habitat Preferences

As expected, we found that distance to colony, depth and the presence of kelp were the most important variables to characterise foraging habitat across all colonies. Sea surface temperature (sst) was not supported in the final models to characterise foraging habitat, while sea surface height (ssh) was supported in the models, but was of comparatively minor importance.

As expected for a benthic diving species, models suggested that foraging activity increased with shallower depth. This also matched with the dive data obtained in this study, with average dive depths at all colonies being in the range of 7-13 m, and no dive being deeper than 63 m (Table S1.2, Supplement 1). Further, matching our prediction, foraging probability increased in the presence of kelp. Only at Hornøya could we not find evidence for shag foraging activity increasing in the presence of kelp forests, although kelp was still supported as a factor in the models. Kelp forests, with Laminaria hyperborea being the dominating species, typically occur in water depths down to 30 m depth, and on rocky substrate (Bekkby et al., 2009), thus not all shallow marine habitats are colonised by kelp. Around Hornøya and many other areas in northern Norway, kelp forests are very sparce or absent after a collapse in the 1970s and 1980s due to overgrazing by the green sea urchin (Strongylocentrotus droebachiensis) (Christie et al., 2019). As such, only 8% of the likely foraging locations around Hornøya were associated with the presence of kelp, compared to 51% in the other colonies. The low availability of kelp forests thus likely explained the lower importance of this habitat type for Hornøya compared to the other colonies. Our results are – not surprisingly – in agreement with earlier studies from Norway (based partly on the same GPS data), showing that kelp forests are of high importance around Sklinna, while data for kelp presence was lacking until recently for the area around Hornøya and could thus not be included into earlier analyses (Christensen-Dalsgaard et al., 2017). Depth, on the other hand, was of importance at both Sklinna and Hornøya also in the previous study (Christensen-Dalsgaard et al., 2017), and in Normandy, France (Grémillet et al., 2020), where shags in fact used much shallower habitats with an apparent preference at about 10 m depth. In distribution models for shags around the British Isles, depth was not retained as important variable, possibly due to the coarser spatial scale of the models, and the inclusion of non-foraging locations (Wakefield et al., 2017). In contrast, and in agreement with our results, in an analysis of habitat use by shags around the Isle of May, Scotland, shags tended to avoid areas with water depths exceeding 60m (Daunt et al., 2012).

The lack of importance of sst and ssh parameters to characterise foraging locations of shags is maybe less surprising given the benthic foraging behaviour of this species and thus the strong preference for shallow foraging areas. Instead of indicating distinctions in water masses and thus frontal zones, eddies or upwelling plumes, respectively (e.g. Kostianoy et al., 2004; Ainley et al., 2009; Mason et al., 2014), we found mean sst and mean ssh but also temporal variance in sst and ssh to increase from pelagic towards coastal habitats, reaching highest levels in near-shore areas (Supplement 2). Sea surface temperatures also reflected the negative trend towards lower temperatures with increasing latitude. Furthermore, both mean sst and mean ssh showed some annual variation, with distinct gradients in the coastal zones in some but not all years (Supplement 2). Quite possibly, the variation across years also contributed to lower across-year and across-colony transferability of models containing ssh. Sea surface height and sst, albeit retained in models, also seemed to be of lower importance for shags in Normandy (Grémillet et al., 2020) and in the British Isles (sst only; Wakefield et al., 2017).

Besides the environmental covariates, distance to colony was an important variable in the models for all colonies. This is in agreement with the study by Wakefield et al. (2017), who found distance to colony as well as the number of conspecific breeders to be of strong importance in shag distribution models. In accordance with this, we found foraging range to be largest for the biggest colony, Sklinna with 2000 breeding pairs, where shags foraged up to 40 km away from their breeding location, and smallest at Røst, with 345 breeding pairs in the study colony (and approximately 1000 pairs in the entire 20 x10 km² archipelago), where foraging occurred within a radius of 9 km from the colony. However, given the size of our dataset (only 5 colonies) and uncertainty about colony sizes in the direct vicinity of our study colonies, we did not test for a relationship between colony size and foraging range.



Transferability Within and Across Colonies

Transferability of foraging habitats across colonies differed depending on which of the three modelling approaches was used. With the individual colony and year approach, transferability was overall low, and the results in many instances unsatisfactory. The individual colony and year approach was also used to assess transferability across years within colonies. Even within the same colony, the transferability was poor across years. Noteworthy, transferability was low across colonies and years, and thus not an artefact of few individuals tracked (or a low number of foraging trips recorded) at a given colony in a given year (cf. between-year transferability based on Hornøya 2011 data (AUC = 0.552; N = 31 individuals, 157 complete trips) and Sklinna 2014 data (AUC = 0.608-0.954; average: 0.772; N = 55 individuals, 167 complete trips) being very low compared to the high across-year transferability based on the Røst 2020 data (AUC = 0.908; N = 7 individuals, 42 complete trips). While transferability across years within the same colony was on average in the same range as for across-year transferability of breeding season habitat of Scopoli’s shearwaters (Calonectris diomedea; Péron et al., 2018), we had more extreme values to both ends. Transferability across years increased substantially for the Sklinna dataset when nine years of data were used in the training dataset, to predict the habitat use in the tenth year. Unfortunately, given that we only had two years of tracking data at all other colonies, we could not test if this pattern was universal.

With transferability across years within the same colony being limited when the training dataset consisted of only one year, it was not surprising to also find low transferability across colonies. In a management perspective, using the tracking data from only one year and one colony to predict habitat use by birds around another colony, increases the risk of focussing on an area that is of only minor importance, and – worse – not protecting the really important habitat.

The individual colony approach yielded slightly better outcomes regarding the transferability across colonies than the individual colony and year approach. Thus, pooling the data from each colony together in the training dataset helped to improve predictability. However, the results were still variable. Against our expectation, and in contrast to previous findings (Péron et al., 2018; Fauchald et al., 2021), transferability across colonies was not higher for those colonies being relatively more closely located. Thus, the dataset from Runde was poor to predict foraging habitat characteristics at either Sklinna (located 400 km away) or Jarstein (located 360 km away), while the Hornøya dataset was good in predicting the foraging habitat characteristics at both Runde (1420 km away) and Jarstein (1730 km away). Possibly, the actual distances between our study colonies (all ≥ 250 km) were still too large to allow good transferability at a high spatial scale. In fact they were larger than for those colonies with good transferability in the work by Péron et al. (2018) on breeding Scopoli’s shearwaters. Although Fauchald et al. (2021) found high transferability of winter distribution for colonies located less than 500 km away from each other, seabirds are much less restricted in habitat use during winter than during the breeding season (Bell, 1990), and their study was also based on six pelagic seabird species, and not coastal-bound shags. Rather than relative proximity between colonies playing a role for transferability, similarity of foraging habitat between specific colonies, or availability of prey may be factors affecting transferability. Shags are fish specialists, and availability of fish is obviously a key determinant of where and what shags are feeding. Unfortunately, we do not have a complete overview of the diet for all of our study colonies, but there is some clear variation between the colonies: Young age classes of saithe (Pollachius virens) are the dominating prey at Sklinna and Røst (Hillersøy and Lorentsen, 2012; Lorentsen et al., 2018; Anker-Nilssen unpublished data), whereas lesser sandeel (Ammodytes marinus) is the main prey, followed by gadoids, including saithe, at Hornøya (Barrett et al., 1990). Shags at Runde fed on a mix of gadoids, including saithe as well as sandeel (Graham, 2019), while we had no diet information from Jarstein. Based on the diet, one could thus have expected higher transferability between Sklinna and Røst as well as between Hornøya and Runde, but poorer transferability between Sklinna and Hornøya, Sklinna and Runde, Røst and Hornøya, as well as Røst and Runde, respectively. Evidence for this was rather mixed, though (Table 2).

Overall, it rather seemed that some datasets were better to train models than others, which was the case particularly for the Sklinna dataset. This again may not be too surprising given that Sklinna was the only colony for which we had more than 2 years of data, and many more individuals were tracked in this colony than from other colonies. The importance of multi-year tracking of shags to capture the full range of utilised habitats has been highlighted earlier by Bogdanova et al. (2014). In addition, shags are known to show individual segregation in foraging space use (Morgan et al., 2019), and thus a dataset that holds multiple foraging trips from more individuals likely covers a wider range of environmental habitats than the same number of trips obtained from fewer individuals (as e.g. for the Røst 2020 dataset). The Sklinna dataset was therefore in a way more diverse and the large foraging range at this colony in addition to the 10 years of tracking may have contributed to covering a broader range of environmental variables than at other colonies, possibly making this dataset more suitable for predictions.

Finally, the all colonies approach, i.e. the approach based only on the temporally static environmental variables (depth, distance and kelp), and pooling all data from all colonies except for the testing colony, performed best and transferability across colonies was very high for all five colonies. This high performance may have several non-exclusive reasons: Firstly, dropping the spatio-temporally variable covariates ssh mean and ssh variance and only including temporally stable environmental covariates into the training model may have improved transferability. At individual colonies it was either ssh mean or ssh variance that was supported in the models. As such, including e.g. ssh mean in a model when predicting the utilised habitat at a colony for which ssh variance was supported (as was the approach in the individual colony and year approach and the individual colonies approach) would in fact likely not improve model fit and thus transferability. In this context, it is further noteworthy that ssh mean and ssh variance, even though supported in the models to characterise foraging habitats, were of generally lower importance than the temporally non-variable environmental covariates (i.e. depth, distance to colony and kelp presence) that remained included in the models of the all colonies approach. Secondly, using a very diverse training dataset, consisting of four colonies with at least 2 years of data each, very likely also contributed to improving model fit and transferability of the results from one colony to another. This would be a similar effect as discussed above as a possible reason for why the Sklinna dataset in the individual colony approach performed best to predict utilised habitat in all other colonies, and also why within-colony transferability increased for Sklinna when the training dataset contained nine years instead of only one. Importantly, while Sklinna performed well as a training dataset with the individual colony approach, the data from the other colonies performed on average poorly to predict the utilised habitat of the shags around Sklinna. In contrast, with the all colonies approach, the utilised habitat was predicted very well also around Sklinna. Therefore, our results clearly highlight that with a solid database, consisting of at least 2 years of tracking data from several different colonies, it is possible to predict important habitat around another shag colony – even when working across large spatial scales.

It remains open to which degree our data can be used to predict the foraging hot-spots of shags in other parts of their breeding range, and we advocate strongly against blindly predicting key foraging habitat outside of Norway based on our data. Shags are geographically widespread and as pointed out above, variability in diet across colonies as well as availability of habitat around colonies contribute to differences in foraging habitat use. Despite the variable diet across the colonies, we were able to predict the habitat use of shags at all colonies with high precision with our complete dataset. Possibly, this was helped by the comparatively similar bathymetry along the Norwegian coastline, with relatively shallow zones near-shore along the coast (around the often many islands and skerries) inside of a much deeper continental shelf. However, our models may not function equally well in areas with other habitat compositions, for example if all available habitat around a colony was characterised by comparatively shallow sandy bottom as was the case in Normandy (Grémillet et al., 2020).




Conclusions

Our in-depth analyses of habitat use of shags in five different colonies along the Norwegian coast reflects the importance of collecting data over several years and in several colonies, and shows the value of comprehensive datasets in modelling and predicting important foraging areas. Our study is the first to test transferability of fine-scale habitat models in shags, and the first study assessing transferability of habitat models across colonies based on different approaches. Our dataset and modelling approach puts us in the unique position to be able to predict important foraging habitat around any shag colony along the Norwegian coast, likely with a reasonably high level of accuracy, without the need to track birds in additional colonies. Our models on foraging habitat included distance to colony, thus the transferred predictions sometimes highlighted areas as important that were further away from the colony than those used by the tracked birds (cf. Figure 4). This will require some more fine-tuning of predictions about the foraging range around colonies, possibly by combining our method with the foraging radius approach as part of the BirdLife International (2010) toolbox, or using also the relationship between colony size and foraging range, as successfully performed by Wakefield et al. (2017).

Shags have or are experiencing population declines in most parts of their distribution range (BirdLife International, 2021). In Norway, population sizes showed substantial inter-decadal variation over the past 40 years, and a regional decline in the Barents Sea, while the overall population number appears relatively stable (Fauchald et al., 2015). With about 35% of the NE Atlantic population (Mitchell et al., 2004), Norway has a special responsibility for the conservation of shags. Consequently, information on the most suitable foraging areas for shags should always be at hand for management authorities to consider proper measures when anthropogenic pressures have the potential to substantially reduce their quality as foraging habitat or hinder birds access to such areas.

The UN decided in 2015 that, by 2030, 30% of the marine environment, including coastal zones, should be protected. We are, however, still far from reaching that goal, both globally, regionally (Europe and North America) and nationally (Maestro et al., 2019). This is also true for Norway, which by 2020 had only protected 3.5% of its territorial waters (Statistics Norway, 2021). On the contrary, Norway’s coastal industries like fisheries and, in particular, aquaculture are expected to increase fivefold by 2050 (Olafsen et al., 2012), including plans for opening of additional, large areas to kelp harvesting (Steen et al., 2020). In such times of increasing anthropogenic pressures on coastal marine habitats and the rising need for better management of wildlife, our work delivers important knowledge for ecosystem-based management decisions, which could contribute to reach the UN goals for 2030.
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Model Fixed effects adj. R? Dev AIC AAIC w;

Hornoya

HoM_best year + kelp + s(depth) + s(sshmean) + s(distcol) 0.65 70.2% 20035 0 1
HoM_2nd year + kelp + s(depth) + s(sshmean) 0.52 59.3% 27385 7349 <0.01
HoM_3rd year + kelp + s(depth) 0.49 57.3% 28385 8349 <0.01
HoM3 year + s(depth) 0.49 57.2% 28786 8751 <0.01
HoM8 year + s(sshmean) 0.31 36.9% 42391 22356 <0.01
HoM5 year + s(distcol) 0.17 22.3% 52254 32219 <0.01
Rost

RoM_best year + kelp + s(distcol) + s(sshvar) 0.54 53.5% 38554 0 i
ReM_2nd year + kelp + s(distcol) 0.52 50.1% 41374 2820 <0.01
ReM5 year + s(distcol) 0.50 48.9% 42390 3836 <0.01
ReM3 year + s(depth) 0.21 25.5% 61747 23193 <0.01
RoM4 year + s(sshvar) 0.23 21.3% 65217 26663 <0.01
ReM7 year + s(sstvar) 0.14 16.4% 70150 31596 <0.01
Sklinna

SkM_best year + kelp + s(depth) + s(distcol) + s(sshmean) 0.73 70.8% 320177 0 1
SkM_2nd year + kelp + s(depth) + s(distcol) 0.73 70.8% 320925 748 <0.01
SkM_3rd year + kelp + s(depth) 0.52 53.3% 512315 192138 <0.01
SkM3 year + s(depth) 0.52 53.0% 516366 196189 <0.01
SkM5& year + s(distcol) 0.26 30.0% 768513 448336 <0.01
SkM1 year + kelp 0.24 20.5% 872171 551994 <0.01
Runde

RuM_best year + kelp + s(distcol) + s(depth) + s(sshvar) 0.84 81.5% 24583 0 |
RuM_2nd year + kelp + s(distcol) + s(depth) 0.83 81.0% 25182 599 <0.01
RuM_3rd year + kelp + s(distcol) 0.66 63.2% 48850 24268 <0.01
RuM5 year + s(distcol) 0.66 63.0% 49155 24572 <0.01
RuM3 year + s(depth) 0.51 54.5% 60417 35834 <0.01
RuM9 year + s(sshvar) 0.17 27.2% 96643 72060 <0.01
Jarstein

JaM_best year + kelp + s(distcol) + s(depth) + s(sshmean) 0.80 78.8% 11206 0 i)
JaM_2nd year + kelp + s(distcol) + s(depth) 0.75 74.2% 13659 2452 <0.01
JaM_3rd year + kelp + s(distcol) 0.69 65.4% 18277 7070 <0.01
JaM5 year + s(distcol) 0.63 58.0% 22166 10960 <0.01
JaM3 year + s(depth) 0.46 48.8% 27032 16826 <0.01
JaM8 year + s(sshmean) 0.34 40.5% 31410 20204 <0.01

For each colony, the model structure of the sex best fitting models, including the best additive models (M_best, M_2nd, M_3rd) is given. Models are ranked by AIC, and we further present
the adjusted R values, the explained deviance, A AIC and Akaike weights (w). distcol = distance to colony.
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Training dataset Testing dataset

Hornoya Rost Sklinna Runde Jarstein
Individual colony approach
Hornoya - 0.8995 0.768 0.712 0.869
Rost 0.647 - 0.756 0.935 0.945
Sklinna 0.947 0.849 = 0.978 0.952
Runde 0.635 0.761 0.609 - 0.362
Jarstein 0.683 0.508 0.665 0.916 =
All colonies approach
all except testing dataset 0.964 0.906 0.969 0.953 0.953

In the individual colony approach, the training and the testing dataset consisted of all data from all years of a given colony each, and the model structure being the best fitting model for the
training dataset, whereas in the all colonies approach, the training dataset consisted of all data from all colonies and years, with exception of the testing colony, and the model contained
only the static environmental covariates kelp, depth and distance from colony.
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Colony & N Average max trip distance Max distance from Average trip duration (min) + SD Max trip duration (min)

Year from Colony (km) + SD colony reached (km)

Hornoya 2011 167 (32) 11.5+54 18.79 88 + 109 781

Hormnoya 2012 113 (23) 77+45 17.32 81+ 111 71

Rest 2019 590 (7) 25+£15 7.39 168 + 267 1561
Rest 2020 42 (3) 34+22 8.64 216 + 260 1561
Sklinna 2011 70 (35) 157 + 9.1 36.29 165 + 189 240
Sklinna 2012 33 (26) 180+7.6 27.92 242 + 229 1201
Sklinna 2013 75 (26) 18172 26.44 223 + 209 1081
Sklinna 2014 167 (53) 99+ 85 27.77 126 + 125 901

Sklinna 2015 74 (27) 14.1+8.2 28.83 178 £ 171 1021
Sklinna 2016 87 (35) 16.5+8.0 26.31 174 + 138 901

Sklinna 2017 199 (68) 145+ 8.1 27.09 121 £ 87 841

Sklinna 2018 148 (38) 149 +9.3 2717 138 £ 115 600
Sklinna 2019 153 (49) 104 +8.7 28.02 180 £ 135 841

Sklinna 2020 646 (57) 182+84 38.89 140 + 146 1081
Runde 2017 16 (5) 45+37 12.26 131 £ 169 1741
Runde 2020 1668 (11) 42+21 24.64 110 + 202 721

Jarstein 2019 568 (7) 29+29 21.12 49 + 154 3122
Jarstein 2020 458 (9) 3422 16.70 47 £ 73 3122

N gives the number of trips with the number of individuals in brackets.





